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Abstract Biomass conversion to chemicals and fuels through
fast pyrolysis shows great potential but requires a more fun-
damental approach for its deployment. To this end, molecular-
based kinetic modeling is starting to play a central role in the
prediction of the molecular composition of bio-oil. A
molecular-level representation of biomass provides the start
point for the generation of detailed pyrolysis reaction net-
works for both the condensed and the gas phases.
Significant progress has been made for cellulose, glucose-
based carbohydrates, and lignin, together with the incorpora-
tion of the catalytic effects of minerals. Ab initio techniques
are widely used to discriminate between reaction mechanisms
and to calculate kinetic parameters. Automatic kinetic model
generation is expected to play an even more important role in
fast pyrolysis as it does already today. Experimental tech-
niques enabled to obtain intrinsic kinetics and to decouple
the timescales between reaction kinetics and analytic tech-
niques. This greatly benefits the improvement of detailed ki-
netic models. The prospects for achieving a first-principles
based kinetic model of biomass fast pyrolysis are promising.
However, significant work is still needed to couple
condensed- and gas-phase reaction networks.
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ARM Attribute reaction modeling
CDK Continuous distribution kinetics
CPD Chemical percolation devolatilization
DFT Density functional theory
Ea Activation energy (J mol
−1)
FT-NIR Fourier-transform near infrared
GENESYS Generation of reacting systems
GPC Gel permeation chromatography
GSVR Gas-solid vortex reactor
HPLC High-performance liquid chromatography
INGen Interactive network generator
k Reaction pre-exponential factor (s−1)
LFER Linear free energy relationship
MMD Molar mass distribution
Mn Number average molar mass (g mol
−1)
Mw Weight-average molar mass (g mol
−1)
NMR Nuclear magnetic resonance
PDF Probability distribution function
PHASR Pulse-heated analysis of solid reactions
PLS Partial least square
RING Rule input network generator
RMG Reaction mechanism generator
SVUV-
PIMS
Synchrotron vacuum ultraviolet photoioniza-
tion mass spectrometry
1 Introduction
Lignocellulosic biomass is a potential renewable source of
specialty chemicals, functionalized materials, and transporta-
tion fuels [1–5]. Fast pyrolysis transforms lignocellulosic bio-
mass into liquid bio-oil at yields of up to 70 wt% in less than
3 s [6–8]. Fast pyrolysis bio-oil has some key advantages
compared with biomass: three to four times higher energy
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density, more efficient transport, and easier storage.
Production and use of bio-oil are thus decoupled in time,
quantity, and location which opens perspectives for bio-oil
co-processing and upgrading. The lack of a model that accu-
rately predicts bio-oil molecular composition hinders the de-
ployment of fast pyrolysis technology. Such a model requires
a fundamental understanding of the chemistry and the kinetics
to track each individual molecule from feed to product as
depicted in Fig. 1 [10, 11]. The modeling and experimental
progress made in this endeavor, along with the current chal-
lenges, motivate this review.
Lignocellulosic biomass, hereinafter referred to as biomass,
is a composite of cellulose, hemicelluloses, and lignin, togeth-
er with minor constituents such as pectins, proteins, and min-
erals [12–14]. Cellulose is a linear polymer composed entirely
of β-D-(1→4)-glucopyranose [15]. Hemicelluloses consist of
branched polymers made up of different hexoses and pen-
toses, along with various sugars in their acidified forms [16,
17]. Lignin is a polyphenol constructed primarily from three
4-hydroxyphenylpropanoids that differ in the degree of
methoxylation of their aromatic rings [18–20]. These biopoly-
mers are integrated in a closely associated network structure
and their relative amounts depend on the species, the different
parts of the plant, and the growing environment [21].
Molecular-based kinetic models demand a priori knowledge
of the detailed composition of the starting material [11, 22].
Based on the available analytical information, molecular re-
construction procedures are applied to obtain the required list
of molecules and mole fractions [23, 24].
During fast pyrolysis, high thermal energy flux at temper-
atures of 723–823 K transforms biomass to a reactive liquid
intermediate which evaporates to condensable bio-oil [7, 25].
Solid char and non-condensable gases are byproducts. Solid,
liquid, and gas phases spanning many orders of magnitude in
length are thus inherent to biomass fast pyrolysis [7, 8]. The
reaction mechanism and the kinetic model are the basis of a
multi-scale approach in which reaction kinetics and transport
are first coupled at the pellet scale [26, 27]. The pellet-scale
model is ultimately combined with other models that account
for reactor-scale effects [28, 29]. Accurate prediction of the
molecular composition of bio-oil enables feedstock screening,
process optimization based on both bio-oil yield and bio-oil
quality, catalyst design, downstream processes design, etc.
However, kinetic models based on lumped components do
not serve these purposes and a deeper understanding of the
chemistry and the kinetics could substantially contribute to a
faster development of biomass technologies. Kinetic models
that rely on lumped components have been reviewed else-
where and are not the focus here [8, 30, 31].
To solve the set of rate expressions constituting the fundamen-
tal kinetic model, kinetic parameters need to be assigned to each
reaction [11, 32]. Thermodynamic properties including enthalpy,
entropy, and heat capacity for each involved species are also
required [33]. Activation energies (Ea) and pre-exponential fac-
tors (k) can be determined from dedicated experiments, estimated
by ab initio techniques or estimated by regression of yieldswithin
certain reaction conditions. Uncertainty intervals are essential to
assess the reliability of the adopted procedures, make adjust-
ments within allowed range, and evaluate the influence of uncer-
tainty on model results [11].
New experimental approaches and improved analytical
techniques are vital for advancing our understanding of bio-
mass fast pyrolysis. Two major experimental challenges have
been faced: to obtain intrinsic kinetics data and to manage the
difference in timescales between reaction kinetics and product
quantification techniques (10−3 vs. 103 s) [7]. Heat transfer
and reaction timescales for cellulose fast pyrolysis indicate
characteristic lengths of around 20μm to guarantee isothermal
conditions and minimize the retention of volatiles in the con-
densed phase [34]. The condensed phase consists of
Fig. 1 Fundamental kinetic
modeling strategy Bfrom feed to
product^ for biomass fast
pyrolysis, adapted from [9]
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decomposing biomass and non-volatile products of the de-
composition as defined by Mamleev et al. [35]. On the other
hand, heating and cooling pulses of millisecond time resolu-
tion are required to control reaction progression [36]. This
needs to be combined with the quantification of intermediate
products as a function of reaction time for obtaining intrinsic
kinetic data. During the past lustrum, several experimental
techniques have been developed which can be used for that
purpose.
In the present review, the primary challenges and the state
of the art in kinetic modeling of biomass pyrolysis are
discussed. The progress in molecular reconstruction together
with the required analytical information is addressed first.
Next, the detailed reaction networks for the main constituents
of biomass are described, evaluating the approaches to couple
condensed- and gas-phase reactions. Subsequently, the deter-
mination of kinetic parameters and thermal properties is
discussed. Finally, key recent experimental findings along
with current challenges are summarized.
2 Molecular reconstruction
The most known analytical methods for biomass characteri-
zation are elemental [13, 21, 37] and compositional analyses
[14, 38, 39]. The former provides mass percentages of C, H,
N, S, and O [13]; the latter typically gives mass percentages of
hexoses, pentoses, and lignin [14, 40, 41]. As the most readily
available analytical information, these data are expected to be
exploited for molecular reconstruction. However, the inherent
polydispersity of the main biomass constituents calls for
knowledge of their molar mass distributions which is not ev-
ident from the analytical methods mentioned above. An over-
view of the biomassmolecular composition and its reconstruc-
tion for molecular-based modeling is illustrated in Fig. 2.
A basic molecular reconstruction was used to extend the
chemical percolation devolatilization (CPD) model from coal
to biomass [42]. Cellulose and hemicellulose are represented
by the same structure, i.e., a β-D-glucopyranose cluster with
two intercluster linkages and a negligible fraction of end-chain
linkages. Lignin is represented as a single-ring aromatic clus-
ter with aromatic and carbonyl carbon percentages obtained
by 13C nuclear magnetic resonance (NMR) analysis. The same
molecular reconstruction was latter applied to black liquor and
biomass [43], and softwood sawdust [44]. In these studies, 13C
NMR structural parameters for softwood and hardwood hemi-
celluloses and softwood, hardwood, and kraft lignins were
measured. This molecular reconstruction procedure uses 13C
NMR and elemental analysis but does not incorporate poly-
dispersity. Elemental analysis is combined with correlations to
predict cellulose, hemicelluloses, and lignin mass fractions.
A different molecular reconstruction approach relies entire-
ly on elemental analysis and the representation of biomass by
a set of model structures [37]. Cellulose and hemicelluloses
are represented by glucose and xylose monomeric units, re-
spectively. Lignin is represented by three dimers which differ
in the degree of substitution of their aromatic core and the
oxygenated functionalities of their intercore linkages. Two
additional reference structures were added later to incorporate
hydrophobic and hydrophilic extractives, thus covering most
of the biomasses [21]. With the available equations (C, H, and
O balances), three pre-defined mixtures of the seven model
molecules are first calculated. Subsequently, the relative
amounts of the seven reference structures are derived from
the pre-defined mixtures by applying again C, H, and O bal-
ances. If compositional analysis is available, less assumptions
regarding the composition of the reference mixtures need to be
made. The seven model structures constitute the input of a
multi-step fast pyrolysis kinetic model that, despite the novel
specification of the feedstock, is still fundamentally lumped.
Thismolecular reconstruction has been adopted for the model-
ing of torrefaction [45] and fast pyrolysis [46–48].
Ideally, the molecular reconstruction of biomass also incor-
porates the polydispersity of its main constituents. This vari-
ability is represented by the number average molar mass (Mn)
and the weight-average molar mass (Mw) but it is best de-
scribed by probability distribution functions (PDF). The
Flory PDF [49] has been used by Klein and co-workers to
represent cellulose and hemicelluloses [22, 50]. Cellulose
and hemicelluloses are modeled as linear polymers consisting
of glucose and xylose cores. The application of the Flory PDF
requires values for Mn and Mw which are very scarce and
challenging to obtain experimentally. On the other hand, each
pairMn-Mw corresponds to a unique elemental composition. If
the latter is available, optimum values for Mn and Mw can be
calculated [22].
Lignin and hemicelluloses can be represented by more than
one PDF although the required number of cores, intercore
linkages, and side chains is significantly higher. A molecular
reconstruction of the lignin structure proposed by
Freudenberg [51] identified five cores, five intercore linkages,
and five side chains [20, 22, 52]. Individual molecule identi-
ties and mole fractions are obtained through the sampling of
five PDFs: namely core, intercore linkages, side chains, core
binding sites, and cluster size [22]. Again, elemental compo-
sition is necessary but not sufficient for its molecular recon-
struction.Mn,Mw, and analytical information from
1H and 13C
NMR are also required. A stochastic method for generating
libraries of diverse structural representations of lignin has also
been developed and validated [19]. All physically attainable
bonding patterns are encoded in a decision tree to generate a
molecular population whose average properties match the ex-
perimental information. The analytical data required to vali-
date the procedure are monolignol unit percentage, bond per-
centages (β-O-4, β-5, 5-5), Mn, Mw, and branching
coefficient.
Biomass Conv. Bioref.
3 Reaction pathways
Broadbelt and co-workers developed a molecular-based kinetic
model of the fast pyrolysis of cellulose and glucose-based car-
bohydrates [53, 54]. The model was subsequently improved
and validated [55–57] and lastly extended to include the cata-
lytic effects of Na+ [58–60]. Cellulose undergoes concerted
random glycosidic bond cleavage to form shorter chains with
levoglucosan ends and non-reducing ends together with
levoglucosan and glucose. Levoglucosan is also produced by
depropagation reaction at the levoglucosan ends. Glucose is
formed by glycosidic bond cleavage at non-reducing ends.
Cellulose also undergoes thermohydrolysis to form chains with
non-reducing ends and glucose. Glycolaldehyde is produced
from cellulose by mid-chain 1,2-dehydration followed by
retro-Diels-Alder reaction. The part of the chain remaining
from the retro-Diels-Alder reaction is subjected to glycosidic
bond cleavage and thermohydrolysis to form non-reducing
ends and low molecular weight oxygenates. Twelve different
polymer chains result from the possible combinations of end
andmid groups. Continuous distribution kinetics (CDK) [61] is
used to model the reaction rates of cellulose chains. The CDK
approach allows for tracking the temporal concentration of
chains as a function of its length and necessitates initial values
for Mn and Mw.
While levoglucosan is not subjected to subsequent degrada-
tion, starting from its pyranose form, β-D-glucose undergoes
concerted reactions in the condensed phase to form a wide
range of C1-C6 compounds. Plausible reaction pathways are
proposed for well-known products of glucose pyrolysis, e.g.,
glycolaldehyde, formic acid, hydroxymethylfurfural, and
levoglucosan. In addition, C4 and C5 oxygenates undergo sev-
eral reactions, e.g., tautomerization and retro aldol, to form low
molecular weight oxygenates. Finally, in contrast with the
Fig. 2 Schematic illustration of a the biomass molecular structure and b
molecular reconstruction for molecular-based modeling. Cellulose is a
linear polymer, hemicelluloses comprise different branched polymers,
and lignin contains 4-hydroxyphenylpropanoids. The lignin structure
corresponds to a fragment of a poplar lignin model adapted from
Mottiar et al. [18]. Extractives can be hydrophobic or hydrophilic and
need to be included for a complete molecular reconstruction. Analytical
information is transformed into a statistical representation that includes
the inherent polydispersity of the main biomass constituents
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molecular-based approach summarized above, char is defined
as elemental carbon and accounted for by stoichiometric reac-
tions. Products from glucose dehydration and some low mo-
lecular weight oxygenates form char, CO2, H2O, and H2. The
first version of the model tracks 40 species with C ≤ 6 in 99
individual reactions.
The enhanced model [56, 57] incorporates reactions of
cellulose to form additional low molecular weight oxygen-
ates. Non-reducing end-chain dehydration forms
levoglucosan ends and anhydro-glucopyranose ends. The
latter undergo glycosidic bond cleavage, further dehydration,
or retro-Diels-Alder reactions. In contrast with the first ver-
sion of the model, glycolaldehyde forms from cellulose only
through retro-Diels-Alder reaction at non-reducing ends. The
part of the chain that remains from the Diels-Alder reaction
is subjected to glycosidic bond cleavage to form
levoglucosan ends and low molecular weight oxygenates.
The number of polymer chains increases from 12 to 36.
The reaction pathways for the formation of fast pyrolysis
products starting from β-D-glucopyranose and its primary
products (e.g., β-D-glucose, β-D-glucofuranose,
D-fructose, 3-ketohexose, and D-glucose) are refined and
expanded. The lack of fundamental understanding on the
formation of char still persists. The enhanced version of
the model tracks 67 species with C ≤ 6 in 342 individual
reactions.
The extension of the model to include the catalytic effects
of Na+ [59, 60] represents a step towards actual biomass
which inherently contains minerals [62]. Minerals significant-
ly alter bio-oil composition and molecular-based kinetic
models offer the possibility to determine and manipulate the
most relevant pathways. Compared to previous versions of the
model, there are no substantial changes with respect to char
formation. However, the number of species and reactions
sharply increases as the effects of Na+ are taken into account.
The extended model tracks 186 species with C ≤ 6 in 768
individual reactions.
Elaborating on the preceding modeling approach,
Broadbelt and co-workers announced the development of a
molecular-based kinetic model of the fast pyrolysis of hemi-
celluloses from corn stover [63]. Those hemicelluloses are
mainly composed by arabinoxylans. It has been reported that
hemicellulose chains undergo initiation, end-chain initiation,
dehydration, mid-chain dehydration, and hydrolysis reactions.
The model also includes reactions of intermediates such as
xylose and the formation of 80 pyrolysis products, e.g.,
glycolaldehyde, acetaldehyde, methylglyoxal, furfural,
anhydropyranoses, dianhydropyranoses, acetone, acetol,
CO2, CO, H2O, and char. More than 500 individual reactions,
which are specified in terms of elementary steps and the asso-
ciated kinetic parameters, are incorporated in this model.
These authors recognize the limitations to capture the compo-
sition and structure of native hemicelluloses [63].
Klein and co-workers developed molecular-based kinetic
models of biomass gasification [22, 50] and lignin fast pyrol-
ysis [20, 52]. The former incorporates pyrolysis sub-models
relevant for the current review. Cellulose undergoes random
glycosidic bond cleavage to form shorter chains with
levoglucosan ends and non-reducing ends, together with
levoglucosan and glucose. Levoglucosan and glucose form
acyclic structures, and together, they undergo pyrolysis and
gasification reactions. Hemicelluloses are represented as a lin-
ear polymer of xylose units which depolymerizes only via
end-chain glycosidic bond cleavage. This constraint limits xy-
lose products to five-member ring structures, i.e., one xylose
unit per chain and the remaining as anhydroxylopyranose.
Xylose and anhydroxylopyranose are then subjected to pyrol-
ysis and gasification reactions. Starting from the Flory PDFs
[49] for cellulose and hemicelluloses, a relation between the
increase in the monomer concentration and the decrease in
intercore linkages was derived [22].
The products from depolymerization undergo further py-
rolysis reactions to form low molecular weight oxygenates.
Decarbonylation, decarboxylation, acyclic thermal cracking,
and enol-aldehyde tautomerization reactions are implemented.
Diels-Alder addition together with double-bond shift and de-
hydrogenation reactions forms aromatics and char, thus com-
pleting the pyrolysis sub-models for cellulose and hemicellu-
loses. The model is ultimately focused on predicting syngas
molecular composition so no further details are given regard-
ing char molecular composition and yield. A combined
cellulose-hemicellulose reaction network is automatically
generated using the proprietary software interactive network
generator or INGen [22, 64].
The lignin pyrolysis sub-model [50, 65] uses the attribute
reaction modeling (ARM) approach [20, 52, 64]. ARM is
linked to the molecular reconstruction in which lignin is rep-
resented by the juxtaposition of PDFs of aromatic cores,
intercore linkages, and side chains. Cores, intercore linkages,
and side chains are called attribute groups. Lignin pyrolysis
reactions proceed independently within each attribute group
which results in less than one equation per molecule. The
juxtaposition of the reaction-altered attributes defines the mo-
lecular composition of the product. While pyrolysis reactions
leave intact the aromatic ring, intercore linkages and side
chains undergo acyclic cracking, decarbonylation, and steam
reforming reactions. Two pyrolysis reaction networks, one for
cores and another one for the combination intercore linkages/
side chains, are automatically generated using INGen [64].
The total number of species tracked by the pyrolysis and gas-
ification model is 357. The pyrolysis sub-model comprises
750 reactions.
The preceding pyrolysis models account for the depoly-
me r i z a t i on r e ac t i on s i n t he condensed pha se .
Condensed-phase reactions combined with those that occur
to their products before they escape from the condensed phase
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largely define the composition of the bio-oil. Other research
groups have focused more on the gas-phase reactions of the
Bnascent^ fast pyrolysis vapors and model compounds
[66–69].When the starting material cannot be vaporized with-
out reactions in the condensed phase, the composition of the
pyrolysis Bnascent^ vapors needs to be quantified. Ideally, the
gas-phase model is tuned under well-defined experimental
conditions and in a later stage combined with the
condensed-phase model.
Ranzi and co-workers developed a multi-step kinetic model
in which the formation of char, intermediate solids and
chemisorbed species, and pyrolysis vapors is described by
lumped stoichiometric reactions [37, 70]. The lumped
devolatilization scheme gives the molecular composition of
non-condensable gases, together with several alcohols, alde-
hydes, carboxylic acids, heterocyclic, sugars, and phenolic
compounds. The input of the first version of the model com-
prises five model structures derived from elemental analysis
data [37]. The devolatilization model tracks 44 species, includ-
ing molecules and lumped species, in 24 lumped reactions. The
most recent version of the devolatilization model includes two
new model structures which increases the number of species to
49 and the number of lumped reactions to 27 [21]. These
lumped devolatilization schemes have been integrated with
pellet models [27, 48, 71], simplified reactor models [29, 72],
and even CFD simulations [73]. Moreover, these schemes have
also been modified to incorporate the catalytic effects of K+
[62] and to model wood torrefaction [45].
Subsequently, pyrolysis vapors undergo gas-phase reac-
tions which are incorporated from an existing kinetic model
for pyrolysis and oxidation reactions [74]. For example,
5-hydroxymethylfurfural decomposes through a molecular re-
action to form furfural which then undergoes H abstraction
and releases CO to form furan [37]. Another example is the
prediction of C2H2 which is among others a product of C2H4
dehydrogenation [71]. The gas-phase kinetic model is able to
predict the production of aromatic species from cellulose
devolatilization products [27]. Comparisons with experiments
highlight the necessity of assessing separately condensed- and
gas-phase reactions [75]. The last version of the model incor-
porates more than 500 species and 20,000 reactions [75].
Detailed reaction networks of lignin devolatilization
starting from the model structures introduced by Ranzi and
co-workers have also been proposed [46, 47]. Radical reac-
tions in the condensed phase account for most of the thermal
degradation of lignin [46]. Radical initiation reactions of
β-O-4 bonds form phenoxy radicals and secondary
alkylaromatic radicals. Propagating radicals stabilize through
H abstraction reactions, depending on their reactivity, to form
stable molecules. β-decomposition reactions form phenoxy
radicals, which are very stable and contribute significantly to
the overall propagation process. Resonantly stabilized
phenoxy radicals add to the lignin structure, mainly via the
release of methoxyl radicals and the formation of C-O-C
bonds. Polycyclic aromatic hydrocarbons are formed not only
via radical mechanisms but also by molecular condensation
reactions while releasing H2 and CO. Hydroxyl, alkyl, and
alkylaromatic radicals are all involved in recombination reac-
tions. Finally, decarboxylation takes place at the propanoid
side chain. The model comprises more than 100 species and
400 elementary reactions and compares favorably with the
mass loss curves of 16 different lignins [46]. Sensitivity anal-
ysis identified the four most influential reactions and 64 reac-
tions that have no influence on the variance of any of 30
chosen model outputs [47].
Norinaga and co-workers developed molecular-based ki-
netic models for volatiles generated from the pyrolysis of cel-
lulose [76, 77], lignin [67], andwood [66]. A two-zone tubular
reactor which combines devolatilization and gas-phase pyrol-
ysis was used to collect experimental data for model valida-
tion. Authors recognize the difficulty to obtain the molecular
composition of the pyrolysis vapors at the inlet of the second
zone. This is taken as the composition of pyrolysis vapors
with residence time of 0.1 s as measured at the outlet of the
second zone. The reaction network is a collection of
sub-models taken from several sources [78–81] including
Ranzi’s model [37]. Reaction pathway analyses are conducted
to assess how aromatic species are generated from cellulose
[76]. C3 alkyne and diene are primary precursors of benzene at
650 °C, while combination of ethylene and vinylacetylene
produces benzene at 850 °C [77]. Cyclopentadienyl radicals
produced from phenol decomposition are suggested as impor-
tant intermediates in the formation of aromatic hydrocarbons
during lignin pyrolysis [67]. The model comprises more than
500 species and 800 elementary reactions and is implemented
in the automatic reaction mechanism generator (RMG) soft-
ware [82, 83]. Detailed kinetic models for the conversion of
bio-oil to syngas have also been generated using RMG [84].
Remark that other automatic kinetic model generation tools,
e.g., GENESYS or RING, which are not limited to a specific
set of elements nor a specific chemistry are also being devel-
oped [85, 86] but they have only been used for bio-oil model
compounds.
4 Kinetic parameters
A key sub-set of reactions in the condensed phase are those
that involve cellulose chains. Free radical, ionic, and concert-
ed mechanisms have been proposed [35, 87, 88] but the latter
has gained the acceptance based on both experimental evi-
dence [89] and density functional theory (DFT) calculations
[54]. The dependence of Ea and k on chain length is another
hurdle to be overcome in assembling the model [53, 90].
Broadbelt and co-workers obtained the Ea values of the con-
certed chain reactions of cellulose from DFT calculations [54,
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91]. These Ea values are in line with other DFT studies [92]
and experimental evidence [89]. On the other hand, the k
values of depropagation and end-chain initiation reactions
for short chains, e.g., cellobiose and maltohexaose, are half
of those for cellulose. The initial chain length of cellulose was
found to have a marked effect on the product yields for chain
lengths shorter than 50 [53]. Ea and k values of the
retro-Diels-Alder reaction in the cellulose chains are retrieved
from DFT studies [93] and adjusted within the uncertainty
limits. Klein and co-workers, on the other hand, do not incor-
porate the effect of chain length on kinetic parameters [22,
50]. Only two pairs of Ea and k values are needed to specify
the cellulose and hemicellulose depolymerization rates. Ea and
k are included in a set of adjustable parameters fitted to match
the molecular composition of syngas resulting from varying
feedstock composition, temperature, and oxygen-to-biomass
ratio. For the other reactions in the condensed phase,
Broadbelt and co-workers use the same Ea and k values for a
particular reaction family [53, 56, 59]. Ea and k values of those
reactions are primarily derived from DFT calculations adjust-
ed within the uncertainty limits [55, 58, 93–95]. For example,
k values from DFT calculations are adjusted by a factor rang-
ing from 0.1 to 10. Where data are unavailable, parameters are
fitted to match product yields.
Rate parameters of lignin depolymerization reactions in the
condensed phase are taken from the literature or derived from
analogous gas-phase reactions corrected to account for the
condensed phase [46]. Initiation, propagation and termination
reactions are addressed separately and Ea and k values are
specified for each reaction family. These approaches point
out the importance of including the effect of the condensed-
phase environment [96]. Bimolecular reaction mechanisms
involving water molecules and functional groups of neighbor-
ing monomer units are likely. Condensed-phase reactions can
also be limited by diffusion [82]. Besides, interactions among
different biomass components could preclude the use of sim-
ple additivity of reaction networks of the main constituents of
biomass.
The number of rate parameters in the large gas-phase
reaction network is enormous. Klein and co-workers rely
on the concept of reaction families along with linear free
energy relationships (LFERs) to reduce the number of
parameters [22, 50]. All reactions from a given reaction
family are modeled to have the same pre-exponential
factor. In addition, the Bell-Evans-Polanyi LFER [97,
98] is used to relate the Ea values within a reaction
family. As mentioned above, the kinetic model is
regressed towards experimental data to determine the
corresponding parameter values. It has to be noted that
Ranzi and co-workers couple a large reaction network of
gas-phase reactions to a lumped devolatilization scheme
[75]. Extensive use is made of LFERs applied to reaction
families. Kinetic parameters are obtained from DFT
calculations and published experiments. The complete
and extended kinetic mechanism, as well as thermody-
namic and transport properties, are available at http://
creckmodeling.chem.polimi.it/.
The rate parameters for the gas-phase pyrolysis reactions
reported by Norinaga and co-workers are taken from the liter-
ature or generated using the RMG software [76]. The estima-
tion of rate parameters and thermodynamic properties with
RMG is thoroughly described by its developers [82].
Overall, RMG covers a set of 45 reaction families which have
individual rate estimation rules. RMG relies primarily on a
database of known values of rate parameters and thermochem-
ical data. In most cases, rate parameters are calculated using a
database of known rate rules and reaction templates. Species
thermochemistry is obtained through Benson group additivity
[99] or on-the-fly quantum chemistry calculations [100].
5 Experimental progress
Fast pyrolysis of cellulose films of around 20μm revealed that
the end-group-to-monomer ratio is a descriptor of cellulose
pyrolysis chemistry and that furans can form directly from
cellulose chains. These experiments also showed that mass
transfer, rather than temperature gradients, could be the main
cause of differences in composition between the fast pyrolysis
products of millimeter- and micrometer-scale biomass [34,
101, 102]. Moreover, thin film experiments elucidated the
remarkable effect of Ca2+ on direct char formation from cel-
lulose, levoglucosan conversion to light oxygenates and fu-
rans, and furans conversion to secondary char and permanent
gases [103].
The pulse-heated analysis of solid reaction (PHASR) reactor
allowed for millisecond time resolution heating and cooling of
cellulose thin films [36]. The millisecond-resolved evolution of
reacting cellulose and evolving volatile products are character-
ized by conventional gas and liquid chromatography. PHASR
experiments with cellulose thin films confirmed that at fast
pyrolysis conditions, there is a transition from chain-end scis-
sion to intrachain scission above 740 K concurrent with inter-
mediate liquid formation.
Fast pyrolysis of cellulose at an absolute pressure of 500 Pa
and residence time of escaped vapors before condensation of
around 20 ms produced mostly anhydrosugars, less than
1 wt% non-condensable gases and less than 1 wt% char
[104]. These results confirmed that depolymerization to
anhydrosugars by mostly random chain scission is a primary
reaction and that the formation of non-condensable gases and
char can be minimized. The interplay of chemistry, heat, and
mass transfer in the condensed phase largely determines the
composition of fast pyrolysis products. In addition, the bio-
mass heating rate, the space time of vapors in the condensed
phase, and the vapor quenching rate can be steered to produce
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target compounds. The improved control required to translate
these encouraging results from lab experiments to actual reac-
tors can potentially be achieved in the gas-solid vortex reactor
(GSVR) which is illustrated in Fig. 3 [105–108].
On-line and advanced off-line analyses of fast pyrolysis
vapors are central to the validation of first-principles based
kinetic models. Reactive intermediates and key radicals are
detected in real time by synchrotron vacuum ultraviolet pho-
toionization mass spectrometry (SVUV-PIMS) [109, 110].
Isotopic labeling fast pyrolysis experiments are used to verify
react ion pathways from DFT calculat ions [111] .
Comprehensive analytical techniques like two-dimensional
gas chromatography [112, 113], liquid chromatography
[114, 115], and NMR [114, 116] are used to determine
bio-oil molecular composition and provide guidelines for both
fast pyrolysis and product upgrading.
6 Present challenges
Although a substantial amount of work has been done to im-
prove understanding of biomass devolatilization, several chal-
lenges remain. On the analytic side and in particular for bio-
mass molecular reconstruction, the following challenges re-
main: (1) refinement or alternatives to structural analysis, (2)
fractionation of biomass with minor modifications, and (3)
further development of non-destructive characterization tech-
niques coupled to chemometrics. First, immediate degradation
products of monosaccharides need to be quantified to improve
monosaccharide concentration profiles [41]. Moreover, partial
least square (PLS) models based on 1H NMR spectra can
potentially substitute high-performance liquid chromatogra-
phy (HPLC) analysis [117]. Thermogravimetric analysis is
promising for the quantification of cellulose and hemicellu-
loses [118]. Second, ionic liquids can dissolve biomass under
mild conditions which could reduce preparation steps for
HPLC analysis [119]. It has been observed that hemicelluloses
extracted by dimethyl sulfoxide retain their O-acetyl groups
which enables a more precise characterization [120].
Separation and isolation of cellulose, hemicelluloses, and lig-
nin followed by further characterization of the individual con-
stituents, although imperative for gaining fundamental under-
standing, are costly and time consuming and alter the native
structure [119, 121–123]. Finally, non-destructive
h igh- th roughpu t spec t roscop ic t echn iques l ike
Fourier-transform near infrared (FT-NIR) and NMR (1D or
2D; solution or solid state) have great potential [124–131].
The error associated with predictions from non-destructive
high-throughput spectroscopic techniques has decreased to
values closer to those from conventional methods, thus
allowing for rapid analyses.
Molar mass distributions (MMD) also seem to play a key
role for molecular reconstruction. The MMD can be estimated
by gel permeation chromatography (GPC) analysis but this is
still challenging. The main constituents of biomass cannot be
properly separated and dissolved by GPC solvents, and reli-
able determination of MMD parameters remains elusive to-
day. For example, protocols for MMD determination of cellu-
loses are not unified [132–134] and the weight-average molar
mass obtained from a round-robin study showed a variation of
36% across all methods [15].
Developing a comprehensive reaction network of
condensed-phase pyrolysis reactions requires additional efforts.
Tackling this issue entails accounting for temperature distribution
and solvation effects [96]. Substantial progress has been made in
terms of pyrolysis chemistry and reaction mechanisms for cellu-
lose and lignin [20, 47, 56]. The hemicellulose pyrolysis
sub-model proposed by Klein and co-workers oversimplifies
the starting chemical structure [22]. Broadbelt and co-workers
announced the development of a mechanistic model of hemicel-
lulose fast pyrolysis [16, 63] but these results have not been
Fig. 3 Schematics of the gas-solid vortex reactor or GSVR designed at
the Laboratory for Chemical Technology, Ghent University. a Three-
dimensional view of the GSVR and b particle-free computational fluid
dynamics simulation
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published yet. There is a lack of understanding of how char
structure and composition vary with reaction conditions.
Besides, the validity of reaction network additivity for the main
biomass constituents needs to be verified. Major issues for a
completely predictive model are the interplay between reaction
kinetics and transport [104] and the ejection of non-volatile com-
pounds from the condensed phase [135].
Finally, on the experimental side, innovations are needed to
determine intrinsic kinetics of solid biomass model com-
pounds and biomass itself. For example, micropyrolyzers are
widely used but their heat and mass transfer limitations need
careful assessment. Experiments showed that biomass heating
rates are always restricted to around 500 K s−1 [136]. Besides,
disparities in levoglucosan yields confirmed the pronounced
influence of sample cup geometry and its alignment with car-
rier gas [136]. New techniques such as PHASR enabled accu-
rate measurement of millisecond-scale phenomena, leading to
enhanced understanding of biomass pyrolysis [36]. The deter-
mination of biomass physical properties, particularly those
that change as the pellet reacts, also needs more attention.
7 Conclusions
Enormous progress has been made in the field of
first-principles based kinetic modeling of biomass fast pyrol-
ysis; however, some challenges still need to be overcome. At
present, molecular reconstruction based on elemental and
compositional analysis is not to the level of the chemical in-
dustry; it is restricted to pre-defined model structures and can-
not incorporate polydispersity. The use of probability distribu-
tions for biomass molecular reconstruction is therefore a good
first step in the good direction. However, challenges are relat-
ed to the need for the molar distributions of the main biomass
constituents which is mainly limited by the lack of analytical
information. Also, the first detailed kinetic models for the
condensed-phase pyrolysis reactions of cellulose and lignin
have been developed, even incorporating the catalytic effects
of minerals. On the other hand, the kinetic model for the
condensed-phase pyrolysis reactions of hemicelluloses needs
further development. Large reaction networks for gas-phase
pyrolysis have been developed and partially validated.
Automatic kinetic model generation tools and ab initio calcu-
lations have also been proven useful, albeit with plenty of
work remaining. Experimental techniques are helping to
bridge the knowledge gap between gas-phase and
condensed-phase pyrolysis. In particular, thin film pyrolysis
and PHASR allows to obtain intrinsic kinetics and to decouple
the timescales between reaction kinetics and analytics.
Comprehensive gas and liquid chromatography and compre-
hensive NMR complement these techniques for an improved
understanding of biomass fast pyrolysis. Based on the current
progress, the prospects for achieving a first-principles based
kinetic model of biomass fast pyrolysis seem within reach in
the coming decade.
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